Real-time functional magnetic resonance imaging neurofeedback (rtfMRI NFB) is a promising method for targeted regulation of pathological brain processes in mental disorders.
cortex and anterior cingulate cortex connectivity with the striatum.
In a double-blind randomized yoke-controlled single-session feasibility study with N=38 healthy controls, we identified strong associations between our connectivity estimates and physiological parameters reflecting the rate and regularity of breathing. These undesired artefacts are especially detrimental in rtfMRI NFB, where the same data serves as an online feedback signal and offline analysis target.
To evaluate ways to control for the identified respiratory artefacts, we compared model-based physiological nuisance regression and global signal regression (GSR) and found that GSR was the most effective method in our data.
Our results strongly emphasize the need to control for physiological artefacts in connectivitybased rtfMRI NFB approaches and suggest that GSR might be a useful method for online data correction for respiratory artefacts. Keywords: physiological artefacts; frontostriatal functional connectivity; fMRI neurofeedback; large-scale networks; global signal regression, schizophrenia, TAPAS PhysIO Toolbox 1. Introduction 1 In recent years the development of real-time fMRI neurofeedback (rtfMRI NFB) approaches 2 is transforming fMRI from a knowledge-generating technology into a neurobiological 3 intervention tool for mental disorders (Bagarinao, Nakai, & Tanaka, 2006; Kohl et al., 2019; Nicholson et al., 2017; Paret et al., 2016) . Although alterations in brain 23 connectivity has been identified as a relevant mechanism in many mental disorders (Braun et Koush et al., 2013) . Thus, rtfMRI NFB requires further 29 development until fully its potential of translating the results obtained with modern fMRI 30 analysis methods like network analysis into directed interventions for regulating and 31 normalizing distributed and complex brain processes in mental disorders is achieved. 32 Despite even higher risks of confounding noise effects accompanying more complex rtfMRI 1 NFB approaches, the development of such methods might be a path worth following to 2 address complex pathological neural phenotypes. These include changes in large scale neural 3 networks in mental disorders such as Major Depressive Disorder (Kaiser, Andrews-Hanna, 4 Wager, & Pizzagalli, 2015), ADHD (Qian et al., 2019) , or SCZ. SCZ has been characterized 5 for a long time as a network disorder of brain dysconnectivity (Friston, Brown, Siemerkus, & 6 Stephan, 2016; Friston & Frith, 1995 psychosis, for example decreased FC of the putamen with right anterior insula and dorsal 11 prefrontal cortex (Peters et al., 2017) . Moreover, there is evidence of a relationship between 12 decreased ventral striatum -ACC FC and SCZ symptoms (Lin et al., 2018) . First-episode 13 psychosis patients had lower FC between the putamen and anterior cingulate cortex, and this 14 connectivity was predictive for the further development of negative symptoms and general 15 functioning (Oh, Kim, Kim, Lee, & Kwon, 2019). Consequently, disease-related brain 16 networks might be a promising target for connectivity-based rtfMRI NFB in SCZ.
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As a first step towards this goal we developed a novel large-scale network connectivity-based 18 rtfMRI NFB approach to target frontostriatal connectivity deficits of the DLPFC and ACC 19 with the striatum in SCZ and applied the method in a preregistered double-blind randomized 20 yoke-controlled single-session pilot study with healthy controls (N=38) which we report here.
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In this manuscript we were unable to test our preregistered hypotheses, because during 22 analysis we realized the presence of massively confounding physiological, especially 23 respiratory, effects in the data. While we applied online motion parameter regression, spike 24 regression of volumes affected by frame-to-frame movement, and regression of a 25 cerebrospinal fluid (CSF) signal to clean the NFB signal from confounding factors, we did not 26 collect prior measures to address physiological contamination of the feedback signal. 27 Importantly, the BOLD signal can be influenced by a variety of sources that can be labelled as 28 noise. Examples of noise include structured noise i.e. gross subject movement and 29 physiological sources (e.g. respiration and cardiac features) (Liu, 2016) as well as random 30 noise (e.g. thermal noise). Unsurprisingly, it is longstanding knowledge that retrospective 31 corrections should be applied to the data to ensure reasonable quality of the findings -a notion 32 pointed out in 1995 (Hu, Le, Parrish, & Erhard, 1995) . 33 Especially rtfMRI NFB methods using FC-based signals as the feedback source face a number 1 of methodological problems which might be more pronounced than in activation-based 2 feedback (Power, Barnes, Snyder, Schlaggar, & Petersen, 2012; Power, Schlaggar, & 3 Petersen, 2015). In the analysis of FC-fMRI data, particularly physiological artefacts that 4 strongly affect connectivity must be considered (Nikolaou et al., 2016) . Physiological features 5 such as heart rate and respiration mostly influence the connectivity of resting state networks 6 (Chu, Golestani, Kwinta, Khatamian, & Chen, 2018; Nikolaou et al., 2016) , underlining the 7 need to control for these factors. 8 The experimental procedures we based our study on, however, are in line with general 9 procedures in the fMRI field. While motion correction is nowadays applied by default in 10 fMRI analyses, physiological noise correction is still conducted only in a much smaller, 11 although growing, number of studies. This is despite physiological artefacts forming one of 12 the largest proportions of noise in general (Kruger & Glover, 2001) . Therefore, in rtfMRI 13 NFB, it is of large interest to subtract as many of these noise sources as possible from the data 14 as the outcome of the whole procedure strongly depends on the validity of the feedback 15 signal. Failure to correct for any of these sources might bias the whole procedure towards 16 training unwanted strategies that are relatively easy to apply for participants, like changing 17 breathing patterns. 18 Alarmed by our findings of confounding physiological effects, we tried to identify possible 19 ways to control the identified confounding effects in our data and present the results of 20 analyses with two different techniques for physiology correction, namely global signal Healthy participants with normal or corrected-to-normal vision, eligible for MRI scanning, 3 and without a history of mental or neurological disorders, prior and current psychiatric 4 diagnoses, pregnancy, or acute intake of any medication except for oral contraceptives were The study was originally planned for testing the capability of participants to modulate the 17 target network with rtfMRI NFB and was preregistered at the Open Science Foundation (OSF
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NeCoSchi https://osf.io/d6fre/). The confounding physiological effects described in this paper 19 were not expected a priori and thus not preregistered, thus the reported analyses are 20 exploratory.
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Data/code availability statement 22 Raw fMRI data cannot be made publicly available due to protection of sensitive personal data. 23 The summary data the analyses were based on are available at the OSF project site. We 24 further provide the code to estimate the summarizing respiratory parameters at the OSF 25 project site (OSF NeCoSchi https://osf.io/d6fre/). 26 MRI scanning 27 MRI scanning was conducted at two 3T Siemens Trio TIM Scanners (Siemens Healthineers, mm. All functional runs were acquired with the same EPI sequence. 6 Brain network definition 7 We focused the rtfMRI NFB approach and our further analyses on a bilateral network definition procedure is relatively complex, it was chosen because we are aiming toward 19 developing the basis for a flexible network-based neurofeedback approach that enables the 20 estimation of complex graph-theoretical network measures and allows identification of 21 potential sub-networks to further refine target networks. 22 rtfMRI NFB training 23 MRI scanning was conducted in a single session. Before scanning, participants provided 24 demographic information and answered questionnaires including the German Version of the 25 Beck Depression Inventory-II (BDI-II) ( except that participants were instructed to use the strategies learned in the NFB runs to 3 upregulate the target network. During NFB, a thermometer display was presented on the left 4 and right side of a fixation cross and continuously updated every TR. This feedback signal 5 showed averaged dynamic FC of DLPFC/ACC ROIs with striatum ROIs, and participants 6 were instructed to upregulate the feedback signal. Participants in the yoke control group did 7 not receive their own feedback signal, but the saved signal of a participant from the real NFB 8 group. Data of participants from the real group were saved in a first in first out queue, 9 meaning that each recorded signal is used once in the yoke procedure, and a yoke participant 10 always receives the first unused recorded signal. To ensure availability of data for the yoke 11 procedure, the first three participants were assigned to the real feedback group. After 12 completion of the scanning session, participants were interviewed, and group assignment was 13 disclosed. For a graphical representation of the experimental setup and design, please see 14 Figure 1 . 15 Online data analysis 16 All online and offline analyses were conducted in MATLAB (R2017a, MathWorks Inc.,
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Sherborn, MA, USA). Online rtfMRI NFB processing was conducted with in-house software 18 based on SPM12 functions. 19 During the resting state scan, the acquired anatomical image was segmented and normalized 20 to the SPM 12 TPM template. The inverse projection of the normalization was then applied to 21 map the ROI masks into individual subject space. During rtfMRI NFB scanning each newly 22 acquired volume was directly written to the analysis laptop and realigned to the first volume 33% movement-affected volumes were excluded from further analysis (3 runs in 3 subjects).
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All included data sets had < 20% movement-affected volumes, resulting in an effective 14 threshold of 20% for data inclusion. Runs with problems with physiology recording were 15 also excluded from analysis (2 runs in 2 subjects). 16 To assess possible methods to correct for physiological associations, the analyses were 17 repeated with global gray matter signal regression (GSR), model-based physiological 18 nuisance regression (Physio), as well as both (Physio & GSR) implemented in the first level 19 model. To be more comprehensive we also added a repetition with white matter signal 20 regression (WMR). Then, the time courses from the ROIs used in the online NFB procedure 21 were extracted from the residual images of the first level analyses and large-scale network 22 connectivity was estimated from averaged Fisher Z-transformed Pearson correlations between 23 the DLPFC/ACC ROIs and the striatal ROIs. 24 Second level analyses were conducted based on these DLPFC/ACC-striatum large-scale 25 network connectivity values. In all second level analyses, age, gender and scanner were 26 included as covariates. For group comparisons, we used two-sample t-tests implemented in a 27 GLM model, which allowed for the addition of covariates. Associations of connectivity 28 values with physiological parameters were assessed with partial correlations. As our main 29 analyses are aiming at demonstrating confounding physiological effects, we did not correct 30 the reported p-values for multiple comparisons, because multiple comparison correction might 31 potentially hide nuisance effects in this case.
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Physiological noise correction 1 Respiration and heart rate were recorded with a pulse finger clip and a respiration belt during 2 MRI at a sampling rate of 50 Hz using built-in equipment (PMU Wireless Physio Control, 3 Siemens Healthineers, Erlangen, Germany). Before estimating physiological parameters, we 4 cut the physiological recordings based on recorded volume triggers so that they were exactly worked (see Supplementary Figure 1 for six examples.). We also repeated the analyses with a 
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Physiological parameters 18 While the PhysIO toolbox provides physiology time courses, we also calculated additional 19 summarizing respiratory and cardiac parameters from the time courses that are potentially 20 associated with the BOLD signal (Zamoscik et al., 2018) to test for confounding associations 1 over subjects. 2 We created a set of respiration parameters: Breath Rate (peaks/breaths per minute), expiratory 3 pause duration, its variance, and expiration-to-inspiration time ratio. For these parameters, 4 expiration was defined as starting at each maximum peak and ending at the lowest local 5 minimum before the next maximum peak, and correspondingly, inspiration was defined as the 6 opposite. With these data we calculated the expiration-to-inspiration time ratio. For detecting 7 expiratory pauses, we calculated the slope of the respiration curve with a sliding window 8 approach (window size of 5 samples) to find clusters of minimum peaks which were then used 9 to determine rough temporal markers for a provisional pause onset. This was recursively 10 extended into both directions based on the slope parameters to determine pause onset and 11 offset. In addition to the expiratory pause duration, we calculated the coefficient of variance Higher large-scale network connectivity between DLPFC/ACC and striatum was found in the 5 real NFB group in comparison to the yoke group during the first NFB run (NFB1: t(31) = 6 1.81, p = .040). Comparisons of connectivity estimates of the second NFB and the transfer run 7 did not yield significant effects (NFB2: t(32) = .66, p = .258; transfer: t(30) = .615, p = .277). 8 After including physiological nuisance regressors estimated with the PhysIO toolbox in the 9 first level model, the group comparison of NFB1 remained significant (t(31) = 1.70, p = .049). 10 However, when GSR or GSR and physiology correction combined were applied to the data, 11 the effect in the first NFB run was no longer significant (GSR: t(31) = 1.09, p = .142; GSR 12 and physiology correction: t(31) = .84, p = .205) (see Figure 2 and Supplementary Figure 12 ). 16 We then investigated the correlations of physiological measures with the target FC of the 17 respective runs. These analyses were conducted separately for each correction method. Here 18 we report the associations with Breath Rate, Pause CV and RMSSD in the first NFB run. The 19 results for the other parameters and the other runs are similar and are presented in detail in the 1 supplement. 2 3 The analyses consistently showed strong significant correlations of respiratory physiological When physiology correction with nuisance regressors estimated with the PhysIO toolbox was 11 used, only minor changes in the association of physiology and target FC were seen. As shown 12 in Figure 3 Figures 8-10 ). Using a more complex model with shifted respiratory response functions did 18 only slightly diminish these associations during NFB1 (Breath Rate: rho = -.400, p = .023; 19 Pause CV: rho = .477, p = .006; see Supplementary Figure 14 ). In comparison to the previous approach, applying GSR in the first level analyses yielded non-23 significant correlations between target FC and all parameters for respiration (Breath Rate: rho 24 = -.079, p = .662; Pause CV: rho = -.060, p = .74; Figure 3 (c, g)) and HRV (RMSSD: rho = 25 .047, p = .797; Figure 4 (c)) during NFB1 ( Supplementary Figures 4-10) . In an exemplary 26 subject we show a strong association of the global signal with the data (Supplementary Figure   27 2a). In contrast to GSR, white matter regression (WMR) did not eliminate the associations 28 during NFB1 (Breath Rate: rho = -.27, p = .129; Pause CV: rho = .558, p = 7.4163e-04; see 29 Supplementary Figure 14) . 30 31 Global signal and physio correction 1 The combination of GSR and model-based physiology nuisance regressors likewise resulted 2 in non-significant correlations across all parameters (Breath Rate: rho = -.156, p = .387; Pause 3 CV: rho = .016; p = .93; RMSSD: rho = .007, p = .969), see Figure 3 (d, h) and 4 (d) and
Results

Correlations between physiology measures and functional connectivity
Data not corrected for physiology
4 Supplementary Figures 4-10 . The association of the global signal with the data is much larger 5 than the association of model-based nuisance regressors ( Supplementary Figure 2b ). 1 We conducted a double-blind randomized yoke-controlled single-session pilot trial originally 2 designed and preregistered to test the feasibility of a newly developed large-scale FC rtfMRI 3 NFB approach targeting DLPFC/ACC-striatum FC. When testing the preregistered 4 hypotheses we found only a weak effect in the first NFB run (NFB1). After applying 5 corrections for physiological artefacts, this effect could not be detected any longer. This 6 allowed us to assess the influence of physiological parameters on our FC estimates in 7 exploratory analyses. In our data we identified worryingly strong relationships between 8 parameters reflecting the rate and regularity of breathing and our target large-scale network 9 FC signature during all runs of the experiment.
Discussion
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Of note, our results are based on second-level analyses, where interindividual differences in 11 respiration between participants were strongly associated with differences in large-scale 12 network connectivity. This is relevant in rtfMRI NFB because the comparison of different 13 subjects in different groups is often used as the level of analysis, and differences in respiration 14 or changes in respiration during NFB training might lead to false positive results. We are 15 aware that a single NFB training session may not provide enough data to assess whether our 16 large-scale rtfMRI NFB approach worked, or whether a training effect of physiological 17 parameters occurred. However, we collected a sufficient amount of data to clearly identify the 18 associations of our large-scale network FC measure with respiratory parameters. 19 With hindsight, these relationships should have been expected. In general, the existence of 20 respiratory artefacts has been well described for fMRI (Caballero-Gaudes & Reynolds, 2017; Thus, the consequences of respiratory artefacts are concerning and it is important to control 3 for them. This is of even higher importance in the case of rtfMRI NFB, where the fMRI signal 4 or a derived measure is the fed back to be modulated by the participants in addition to being 5 the main analyzed data. If confounding effects in the feedback signal are not corrected, it 6 might be much easier for the participants to manipulate the target signal by changing 7 physiological parameters like breathing patterns instead of regulating brain processes. For breathing patterns as a behavioral strategy to regulate the neurofeedback signal. Indeed, a 10 common objection against rtfMRI NFB is the danger of confounding noise that might 11 contaminate the feedback signal. Our empirical results suggest that there is indeed a real 12 danger for respiratory artefacts, at least in connectivity-based rtfMRI NFB, which may simply 13 lead to a costly form of breathing training, rather than an effective NFB treatment. To identify 14 ways to control for the unintended associations, we assessed two possible approaches to 15 correct for the identified artefacts in our data, the inclusion of model-based physiological 16 nuisance regressors estimated with the TAPAS PhysIO toolbox, and the simpler but also 17 disputed inclusion of the global gray matter signal in the first level model. While we tested 18 these approaches offline with already acquired data, we chose them because both could be 19 implemented relatively easily in the online rtfMRI NFB procedures. 20 In general, the PhysIO toolbox and the regression of physiological nuisance parameters 21 seemed to work at least satisfactorily. F-contrasts over all physiological regressors included in 22 the respective first level analyses showed strong relationships with the data, with only very 23 few runs showing weak relationships (see Supplementary Figure 1 ). However, the model- 24 based physiology corrections resulted in virtually no change of the second level association of 25 connectivity estimates with physiological parameters. This was surprising, as the model-based 26 approach represents the current state-of-the-art for physiology correction. It nonetheless 27 seems relatively unlikely that this was due to failures in the application of the toolbox or in 28 the toolbox itself. We have carefully double-checked our analyses, and even if physiology 29 correction did not work as perfectly as possible, the large amount of variance removed 30 together with its very small influence on the second level associations makes it unlikely that 31 this would be substantially changed if the removed variance would not be increased much 32 further. Nonetheless, we cannot exclude the possibility that the used physiological recordings are not of optimal quality as the built-in recording devices probably provide suboptimal 1 measurements which could influence the quality of the model-based physiological correction. 2 However, our data quality should be at a comparative standard level and reflect the level 3 available at other sites with similar standard equipment. 4 In comparison to model-based physiology correction, model-free GSR was capable of 5 attenuating the associations between the same physiology parameters and target measure 6 sufficiently, resulting in non-significant correlations. The association was even further 7 attenuated when a combination of GSR and Physio correction was used. GSR seemed to 8 reduce variance in both groups, as well as the mean difference between groups. After GSR the 9 residual variance in the first NFB run seems to be relatively larger in the yoke group than in 10 the real group (Figure 2 ), which might be expected. Participants in the yoke group have no 11 control about the brain process they try to regulate. Therefore, they should apply diverse 12 strategies that randomly influence the target process and increase variance. 13 Several issues might be related to the difference between the model-based and model-free 14 GSR approaches. An apparent difference between GSR and Physio correction is the strength 15 of association with the data, and thus the amount of variance removed by the approaches, 16 which is much larger for GSR ( Supplementary Figure 2) . This might reflect the ability of the 17 global signal to capture more noise in the data than the model-based physiology nuisance 18 regressors. Another possibility might be that the intraindividual physiology nuisance 19 regressors do not eliminate interindividual differences in the baseline of physiological 20 parameters, which are then taken up by the second level analyses at the group level.
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Furthermore it was recently found that RVT, the measure that is utilized by the Physio 22 correction, to extract the respiratory timecourses, presents with some issues. One of 23 them is that deep breaths can go unnoticed and very often the process of peak finding is 24 disturbed (Power et al., 2020) . There is also the option that a real relationship between 25 respiration and the target brain process exists, and that the frontostriatal network is in fact 26 controllable by changing respiration, or that another brain region controls both, the network 27 and respiration. 28 It should be noted that our results are not in line with the report of Hellrung (2018) who 29 conclude that in activation-based rtfMRI NFB of the amygdala training effects are not mainly 30 driven by physiological artefacts. It might be the case that our large-scale network NFB 31 approach is specifically sensitive for the artefacts.
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Taken together, in our analyses GSR was the single most effective method to correct for the 1 undesired physiological associations that we detected in the group data. This fits to prior 2 research emphasizing the ability of GSR to capture not only the activity of voxels located in 3 the major clusters of the brain (Chen et al., 2012), but also reflects noise of different origins 4 i.e. scanner driven-noise, motion, respiratory and heart-rate (Murphy & Fox, 2017) . 5 According to Zarahn and colleagues (1997) inclusion of the global signal as a covariate 6 decreases the effects of spatially related noise, which again allows for a better detection of 7 effects in fMRI studies . Interestingly, after correlating the global signal 8 with fMRI data, Birn et al. (2006) found that these maps were identical to maps of regions 9 with signs of respiration. These correlations were particularly strong in gray matter regions 10 elucidating the need to take this knowledge into account for fMRI analyses. GSR has also 11 been suggested recently as a method to correct for noise of respiratory nature in modern However, it has to be noted that GSR may skew results in clinical populations. It was shown 25 that the global signal is changed in SCZ, although it is unclear in which direction the changes 
So far it remains unclear how well GSR would work in rtfMRI NFB, and which correction 1 method is providing the best online signal for learning to modulate brain networks. Thus, 2 further research is needed to replicate the results and better understand the reported effects. 3 It is also crucial to mention that respiration is indeed truly associated with neural activity information. The reasons why we consider all physiological associations as artefacts here are 7 that it is not clear how nuisance and real effects could be separated, and that rtfMRI is 8 probably too costly to be the method of choice to measure and feedback signals that are 9 strongly coupled to respiration, which could be assessed in a more direct and cheaper way. 10 Importantly, it was only possible to identify and examine the relationships between FC and 11 physiology in this study because we recorded physiological parameters during fMRI 12 scanning, otherwise the detected associations might have gone unnoticed. It thus follows as a 13 clear recommendation for fMRI NFB research that physiological signals are recorded during 14 scanning, and that the contamination of the target signal by physiological parameters is 15 assessed and reported. To foster replication and further research on this topic we provide the 16 scripts that we used to estimate physiological parameters as an open source script.
Conclusion 1
Our results suggest that it might be necessary to account for physiological artefacts in 2 connectivity-based rtfMRI NFB, for example by applying online GSR. Failures in correction 3 of physiological artefacts from online signals might lead to a confounded feedback which 4 undermines the methodology of a study and challenges the validity of the conclusions. Given 5 the massive impact physiological artefacts have on the BOLD signal, caution seems to be 6 needed when interpreting the results of studies that do not use working physiology correction. The authors would like to thank Christian Sojer for recruitment of participants and Ellen 9
Schmucker for MRI scanning. 
